l

"PUB DATE 3

e . .
- PR o ] - .
. . \ .

. ¢ ° ) U [ ' . . .
’ B DOCUSENT EESUME p . - ]
.o -, " ) . ’ bo o ’
ED 146 018. ‘ S SE 022 861
" AUTHOR ) Newman, Isadore. Fraas, John W. ) ’ '
TITLE™ +' . Soke Appljed Research Concerns Uszng uultlple Llnear

"Regression . Analysis.
Apr 77

NOTE 51p.; Paper presefited at the hlo Acadely of Scierce, "
Ty , . Psychology Division, Capltal University, Colulbus,
Ohio .
L} N - -~ ~ *‘ - -
EDBS PRICE ' MF-$0.83 uc-}sa 50 Plus Postage. ‘ ]
" DESCRIPTORS *unltxple Regression Analysis; Researc Methododogy:
. . *Reseatch TOols; *Social Sciepres; *statistical -
TNy Analysis* Statistics " l‘ )
'ABSTRACT P ' S | e

‘ The intention ‘of thls paper is to provide’ an overall
reference on how a.researcher -can apply’ multiple linear regressxon in
order to utilize the advantages that it has to cffer. The advantages
and sowe concer#s ‘expressed about the technique are examined. A :
nunbér.of practzcal ways by which researchers can deal with such
concerns as correlatzon/causatloq, upvard bias R-squared, and
nultxeh}l;nearlty are¢ discussed. (MS)

»
+ / -

~ . )

£ ‘ .

©
~ -

)
####################tt#######‘####”######t"########tt#####tt#######*#

Documents acquzred by ERIC include many irforaal unpnhlished
-materials not available from other sources. ERIC -makes every effort
to obtain the best copy available. Nevertheless, iteds of margjinal
reproducibility age often encountered and this affects the quality

via the ERIC Document Reproduction Service (EDRS). EDRS is not

responsible fonathe- aality of,the original ddculent. Reproductiomns *
q} #

supplied. by_EDRS are the best that can be made from the original.

®

*

®

. *

* of the .microfiche and hardcopy reproductions ERIC makes available °
®

®

®

®

’

* » *

*

* t#‘*‘tt#####tt##tt###“##tﬂ#t########“#t#‘####t#######ﬂ‘!####*#####‘

b . A

o . ' . ) . L
.
. .

R




o US DEPARTMENT OF HEALTH,
- ' . \
L SR .

. , +E DUS*YION & WELFARE .
. B . . . NATIORAL INSTITUTE OF
‘.\ i, 4 ~ , EDUCATION
. : THIS DOCUMENT HAS -BEEN REPRO.
DUCED EXACTLY AS RECE4VED FROM
b / S » 4 THE PERSON OR ORGANIZATION ORIGIN-
ATING IT POINTSOF VIEW GR OPINONS
é STATED DO NOT NECESSARILY REPRE
* ’ s SENT OFFICrAL NAYIONALINSYIY-UYE OF
. -3 - EDUCATION POSITION OR POLICY |
— . \ SOME 'APPLIED RESE%{:H CONCERNS S A
o ' N\ o7 . * N . . + L ‘
e o US\\QG MULTIPLE LINEAR REGRESSION ANALYSIS . . . C
v .\\‘ . T ‘o J
\ N ] . ‘ot
o) - L \ e , . - « "PERMIS TO REPRODUCE THIs
\ed- - ’ \ ¢ , MATERIAL HAS BEEN GRANTED gy *
- . - s b R .
~ . . . . o .
. . s [ ~- -
¢ 1 v e ‘\
’ . ) . 70 THE EDUCATIONAL RESOURCES
‘ ‘ . . . ; o INFORMATION ‘CENTER (ERIC) AND— -
. . : » * USERS OF THE ERJC SYSTEM
. . . : N . L
. L 4 ) ) - / ° . " " . . \
..‘ . . ¢ . . ’ ’ N . .,
.0 A Isadore Newman L John W. ‘Fraa§ . .
. The University of Akrch & . Ashland College
. . | \
4 .
2 - . °
RS . .-
X : .
¥ - 4 4
\ L) !
« 'S » ~ A - “‘ L]
- ° - ' ) v ) : - l
~ L4 . * .~ L - ’
‘ ’ \ \ - L
. ) i N .
‘ . . - . .
» . n . N R - ~
- . ’ Y ' \ s ¢ R ' .
‘ - - - .
= o L] ’
) ' d -» 1
K} v ’ )
) b ‘ ~c N ~ N ° . hl - '
” * . i . . =
A "This paper was presented at The Bhio Academy of Science, . | -
} -
. . - v v ‘ 3 . -
’ Psychology Divisid®n; Capital University, -Columbus, Ohio, I
- .- e ° -
i ) * 5 ’ ‘ . +
* ¢« April 1977. v v - . -
- ‘ . . ? .
v ' . . . ) ‘ *
-~ ‘ ‘ & ik ‘ - " &
~ A . ' pyas - . .
» r
~ " . » P2 .
. - - . Y / »
gq N . . ; 2 < ' ‘.
Q . v v . . .
J]Zl“{(: - [N v . s . . sl 4
\arrem ) \




]

.

\
'
. \
» \
’ .
. s © . . v
’ v e -
. . . . -
3 - ' ’
' .

y,srs-'

USING MULTIPLE LINEAR REGRE#SION ANZ

d -

’e ¥+
linear regres-

.solution, has

t

polnus with regard to its usef lne$s and its appropriate-l

ness. Th arguments of both 7rouos, th advocates and the
ocr.1t1cs of mult;ple llnear re%ress1on, an be found in the
fbcent literature. .

regression state and deferd

_The advodates of mjlfiple linear
P L _
é\advant ges gépvided to the

inear r gresslon.

L ]

researcher who uses multipl The

crltlcs state a Var1etv of ﬁlml atlon and concerns with

‘respect to ut;1121nq~mult1 le llnear,regress;on as a o . v

/

f

research technique.
' 3 |
\ The purpose of thls qaper is to examlne the advantages

. ,l + \

v clalmed by the advocates of multlolé llnear regre551on and

/
some Jdf the concerns expressed by its critics.

a @

‘More than - “

; ’\




fb-ing directed toward resea;ch, there appears to be-a

.[findings. One reason for the present skepticism has béen

‘-‘. , / ’ v . < .
\ 4' ) ’ ' . ’ 2
¢ ' ’ 9' - » s
the id*antages that it has to offer. Also, the authors ¢

I

have attempted to'providela ber of meaningful and

f v

co cgrns that are often clt by the crltics of multlple

luh::r regression, which are correlatlon/causatlon, upward

b a.ﬁgz, and multlcolllnearlty -

/ oot ’ - -

! 1
i
| Advantages o;\Uslng Multlble L1near Regresslon
- . . !

Whlle a great ‘deal of money. and tlme is currently

general lack of acCeptance of the relevance of research

that the statistical models used by researchers have * -

frequently been unrelated or tangentially related to the .,
. . , \ - k .,
research question of interest. There are a variety of

Xedsons for this.lack of agreement betwyeen the research /
* ( ) N n.\

question of interest and the statistical model. e I

'

One such reason is that courses that teach research \
methods generally emphaslze data. ' analysis, rather than

practlclng approprlate methods ahd procedures for askihg
. . » . ,

.

and developing research gquestions: These courses do not
.

ddequately deveIop the Skllls of evaluatlng the reseaxch

»

questfon and the stat1st1cal model{ that are most capable

of reflectlng therresearch questlonr . k;

) o

Quite often, ‘a student comlng out of these coumses&
4

tends to select a famlllarﬂj qannedﬁ standard statisticadl:

design, or package:(cookbook approachj such as a 2 x 3, or
. , - P ' .' » .

. - s
- . ! *

. . H
~ B ‘ . / »
.
- .
. . !
. . . M LN . .
M >




¢

2 x 2'x¢3, because he has not béen taught tb develop his

“QEpThOQelsﬂto reflect their research guestion. There%ore,

hl } . -~ -

he uses these, standard models which dictate the question

.

being investigated. Sometimés a researcher gfézzaré that
- . ., - A

" these models ,do nqt completely repre'sent ‘fis t

These infereénces may well be inappropriate.

question. In addltlon, a.significant F-vaiue on a factorl-

‘Fesearch

al des1gn is often dlffltult to interpret. When th1S‘ o

—
happens, ‘he may then make 1nierent1al jumps from his data.

2

Therefore, in many cases the raesearcher is ﬁnaware that his‘

models are not really reflectlve of h1s research quest;gns,
and quite often, the unsophlstzcated researcher allows the
‘'statistical model to totally dlctate his research questlon

-

Under these condltlons, we f1nd research that 1s techni-~

cally.correct but is not relevant because it is, not

,related ! a praématic way to a specific preblem.. (Newman,

et al., 1976) - ¢

'
S

1. One ad€antage of using regression procedures is
‘that the’ resea cher finds. 1t necessary to, flrst state h1s

hypothes1s an then write the regression model néeded to

1
.

. test that hypothes1s Thus, every test of s1gn1f1cance is

dlrectly testing a spec1f1c question posed by the reSearch-

) ;
er. Also, regress1on is*' more flexable in allow1ng the .

researcher to write -the modeis‘that speciffcailyhreflect

N

¢

his questien of ihterest. "The advantages provided by this,

flex1b111ty can, be seen in research questlons that deal

v

with- interactlon varlables, ﬁlrectlonal and part1al




.

\Sraditional ANOVA; therefore,_ one would not lose degrees

T '.‘ S " S - B
1nteractLon covarlance, trend analys1s, and questions that

encounter the problem of dlsproportlonallty ,

- A

2.‘ In dealing with interection variables, a research-

-

- LI 0
er with-'regression can ask interaction questions between

catagorlcal varlables, between catagorlcal and contlnuous

. varlables or between contlnuous variables. Since

-

regress1dn can’ deal w1th catagorlcal and contlnuous vari-.
\

ables, it is more flex1ble in its ablllty to reflect real-

world problems than, other stat1st1cal procedures With

-

regression, there is no need to catagorize variables that

. ) . i
,are continuous in, nature as required, for example, by

I . 2 .
of freedom-and power. (McNeil, Kellysy McNeil, 1975,
Kerliritjer, 1973)) .\ e

* An example of bow a hypothes1s whlch involves .the

\

group mtembership coﬁLo be tested is listed below: B
. . -
Example 1l: , 7 \\ ’ - .
’ " " Y
Yl = posttest score

>
'—l
no

. . . P ’
control group . . ’

. Ko .m experimental group ' . '

g ’ \ N
X3 = I.Q. score A /

i

>3
>
[

X1 * (I.Q. scores for the. students«ln the
control group) -
Xg '= X3 *¥3 (I.Q. scores £or the stydents in the
. experimental gyoup) v . “
Ej, 2 = the errorffor- each subject . . ‘
the unif vector - '
; \

(@
I

'aoﬁk. . ., ay = partial regressioo coefficientsy, ' .

/\




. - ¢ : VR . . . 7 5
: . 2 - ‘ ‘ e o T ™
- : : wR§:= varxanca in ¥ accounted for by tﬁé full model Coa
R P * ¢ . ey . ‘ @ ¢ ) -
. 'R% = variance 1n Y accounted for by the restrlcted
) model l :
- dfy = the number of llnearly 1ndependent vectors jn the .
R - "#ull model minus the .number’ of . Ilnearly dependent

’veotors in the. restrlctee model

e dfh;l.the number gf subjects minus ‘the nufber of R
;r\ Co ' linearly independent vectors in the full model ' \\J ?

~'  Hy =-the differenges’ between the pogttest scores P
of the control group and the perimental group
are not constart across the range of I.Q. scores.’

- . Model 1 ‘ - T
J1 7 30U *21X1 + ayX; #ayXy + agXs + By L

Restrlcticns: ay = ag = a;
Model 2 - Y; =-a,U + ajX; + azXp + azx3 + E,
.

L By td%tlng Model 1 agalnst Model 2, tHat is, by determin- -

j&ng if the F -value calculated by: ' . ’ .
. ( - Rz)/d ) ‘ -
Co . | ﬂ(l __Rg)// afy : . o .
_ .

is significant, the researcher could determine if there’

T . is a significant interaction between the cobntimuous
ovz;iable,of I.Q. scores. and the,categorical variables/® .
the groups (McNeil, et al,, 1975j. . -
- - -~ . ] , - .

32 Reg:essicn also allows t?e researcher to test"

.® » .

directiopdl and partial interaction questions (McNeil, )
at al., 1975). For example, the reséargher may hypothe— - .
P . > . . I3

size that ' I.Q. scores have a greater timpact on the ! ' /ﬂ
‘ - . <

~1




'for the subjecis of the control group. -

' that is, partial 1nteracllon questlons (McNell, et aI

posttest scores of the subjec%s:ln the experlmental group.

6! - " .

than it does for the cqttrol group subjects The

.
- researcher could obtaln.the-answer te his research question,

by. testing Madel 1 against;Model 2 ,(using the same variab-
S % - ‘

‘les and models lbsted pre‘iousiY)g If-a significant

'
F-yalue was obtalned and if.ag > a4, the research could [

conclude that I.Q. scores had a greater impact on“post-
. .

test scores for the subjects. of experlmental group than

-

[

Regression also aIlows the research to test 1nter—

actlon questlons that the researcher would’ tend not to

.ask if he waswnot famlllar w1tH regre551on procedures,\

4

1975) For example, a researcher mlght be 1nterested 1n

L4

testlng the follow1ng hypothe51s (Fraas, 1977)

v . ’\

Examplé 2 . * K ' - . [3 \l
ﬂ M

Hl = Prev1ous economlc tralning has a greater 1mpact

on the-average ggstéest'scores of the students in
» B ° . i 7/

the two experimental grodps than for students in

the two.ccntrol groups. (Note: More than fwo'
i »

_groups could be used.)

Yl = DOStteSt scores

E .
X, = previous economic training (1 if yess O 'other- -~
’w1se)
X, &' no prev1ous economlc training (l if yes; O other-'
- ' wise) ‘
X3 = Control Group I (I if yes; o otherwise) R

R, = Experimental Group I (1 if ,yes; O otherwrse)




¢
>
[}

., . 5 3 Control Group II. (1 1f yes, o otherwise)

Xg = Experlmental Group . II (1 if yes; O dtherW1se)
) * .
oL X=X E Xy Studénts in Control Group I with
< y Y previous ec¢onomic tralnlng (1 1f ves, )
: . O otherwise) - . , A

.o, / .
L Xg = X; * X,. Students ‘in Experimental Group.f with ‘g’ ,
. R . previous economic tralnlng (1 1f yes, . .
. . . O otherwise) . ; . oL *~
X9 = Xy * Xé Stugents in Control Group II with Te, /
‘ . ‘ prev1ous economic..training ¢1 'if yes; - 3 -
' . O otherwise) ) ‘ e ‘
. P .
K . ¢ X.0 =%y *-X6' Students in Experlmental Group II with
: previous economic training (1 1f yes;
O otherwise)

- ;- ) X =x,*% Students in: Control Group I with no
11 2 3
. : prev1ous economic tralnlng (1 if, yes,

othemlse) 7 i
X =X, * X 'Student in Ex erlmental Group I w1th no -

12 2 4 P

+ previous economic trainihg (1 if 'yes;

O ptheryise) '

) X13 = kz,* ks Students in, Control Group II with no
\ previous economic- tr ining, (1 if yes;
¢ O otherwrse) é\ . X e -

. o ~XI4 ='X, * X, Students in Experjmental Group II with °

) , no Rrevious-economic tralnlng (1 if yes;
; ‘ O otherwise) :

- A X15 = Xg # Xy O\ " ' '

Variables need to impose.the
, Testriction.required to test

the hypotheses.




- - . -
- r - , ot .
. . X . . ' 8
L » ‘ ‘ ) I [
v . ~ . ‘&. . ‘:: 4’ . ' °
. " Model 1 . / . ' v
: fodel 1 "~’1 =3V * & X) + agXg Fagkq + ajpXy o+
A ¢ ) - ’ \_ - - ‘ 1
- : - BE 4 + +.a +a X + E- .
e ’ 21t T oAk 12 RER TIPS PIN .
Y ' . . -F_ l" . ) ) Lo . \‘ . ' -
N Restrictions: - (a7¢+ a9) - ‘(as + alo)‘ /2 = - . y
v + a - + 2 . 1
.- - .(al-l 15) (12 a1.4>:, 2 \
4 Y v ‘ ' ’ - -‘ . -t PR
: . ’ ‘Model g .'¥1 = ayU + a15 15 * a16X16 + al7Xl7 + a18x18 + .
U s, ‘ . % - . . . < ‘. i 's, .
. B o 19719 T Ba0%20 T35 %0
. . - , ¥ -

[

¢ ! )
4 . a4 .
If 'the researcher finds a- sign ficant F-value aAE*lf
' ' ' ' > ' : R . v
the.value”bf the left.side of tHe-restriction is greater

j
- than the value of the rlght 51de of the restrlqtlqu the

. ' researpher would conclq@e that the data sﬁpports the | ‘

hypothesis. Wlthput the knowledge of regre551on, the
’ N

researcher may not even ask such a question, let alone
- P ’ - N

P .
be able %o test it, even though the question may be of

great- importance to his study. o

. L ° [N

" v’ > L) 4

4. A fourth advantage‘of regression, is.that by [;

using the multlple linear reqre551on prodedures questfbns

. . 5 - . ¢ .

that involve covarlance are easier to test and 1nterpret

- (Kerllnger, 1973; Kerllnger and Pedhauzen '1973% ‘Ward and
’ 4 a i ‘ . N [ b e ’
- Jennings, 1973; Willias,® 1974; Draper and Smith, 1966;

. [ ] . -
. ~ Newman, et al., l97§; McNeil,-I976). .This point can be

" demonstrated by the procedure listed below
N . ~ , . ‘




7 'Ekample 3: . . : AR W .
' o Hypothesis I: ’'The poksttest scores ijé the,experimental :
T ' . . group are significantly 'higher than the’ -: O
) .+ 7 posttgst scores for the control group over .
o . Co and above the dlfferences due to I.Q. ' .
CyT ‘ o . scores. ' (The variables.listed in Example. l !
- .are also used for this example) N ..
- . . L - . ! -
' ’ N ’ 4 ./'
Model 3 : . ' .
Y1 =30 + aiX) +.apXyT+ azXy 4 E | .
* . { -
' : Restriction: a;'= a ' oL S . -
k 2 ‘ R L _
- . LN . ¢ ‘ , . N .. ,'-&
Y v b R . : - ' '. l 2 -
A .. Model 4 - - . : _'
! T Y. =3,0 + asX, + E. , O . ,
l ’ O .3 3 "I _. R .5“\
.. .t ¢ R A )

If Model 3 is found to be 8ignificantly differemt from
, _ . . . . SR '
Model 4, this would indicate that there is a significant
“difference between the groups ' Also, ifra; < a thlS

2!
Y » .
v would suggest that the Experlmental Grqup had hlgher ' LT

k}

R
posttest scores than did- the Control Gropp (at some
.SDelelCC><l level). | .o g - ) '

o ' '5. Anotherfadvantage of regressdon is that it fac111—‘
1 . - » .
tates’ the calculatiom andelﬁterpretatlon of trends (func-" ,
tional relétlonshlps) fWhen the~research ouestion of’inter--"

’

est is one of trends or functlonal reiatlonshlps, one often
flnds the .use of 1nappropr1ate statlstlcﬁmode!.s whlch

. cannot accurately reflect" the research.questlons (Newman, e

%

1974).

” LT )
'

N - ] . . - . - . -

: - ‘When-researching developmental questions, one is often T
v more 1nterested in functxonal relatlonshlos tham mean
By . . i - e
alfferences There is generally a contlnuous Varinble that/ ,

-

’ . . . /
. ’ ..

-




. ) “ .- . . t :_/ /)
. * . J .
‘t\ . . S ' /.
-, - is of 1nterest snch as tlme, age, population 51zes, - T, Q .
’ .\ -’ s . - .
When tradlt;onal analysas of varlance is emplovedu for (o .
T K S~ , R
example, continﬁqf% varlables are forued 1nto qategoriza- . l"
. . A R N - . . e . L
’ : tibns. Thls causes the researcher to lose degrees of Lyl
/ K ﬁreedom, and there is a goten%ial loss of 1nformat19n. L

"This loss is contlngent upon how reprekentatlve the

[} s

. . categories are of the inflections in the naturally occurlng )
hd . e ’ , . * 3 ! . - <
contlnuous vaf&able. ' E >

. ’ ©J RS - . ,
' . .

. Srnce conilnuoii,varlables are frequentlv artlflcally , )
cateoorlzed the analvs*s oroggced by shch 3 procedure mayr ,y ®
not reallx_reflect the researcher's questlon or lnterest.

o .The gost efflclent method for: wrlt;ng statlstrcal models

-

»

A

that reflect ‘trend or curve fitting questiong, is. the. ~
. . general <ase of the least squares. solution, linear model, .. ‘.:'
s& - . »
- . i i .a
e (Multl le Llnear Regre551on Procedures, Newman (1974), - ° '

- . / ‘ rd
. . . McNell Kelly, McNerl/Cl975), Draper & Smith (1966), Kelly, ' '

;- ' Newman, .and McNeil (1973)). This, procedure allows one.to - -

I -

write linear models, ‘which specifically reflect the

o o . G : . .
-’ research questlon.v < . : -

.- - »
3 2 Y

Llnear Regre851on is an excelfent statlstlcal tool for

looking at:a population tfend or pomparlng multlple trendS';}

L0y

|
.., . 7 - A ‘1

' over tlme (Newman (1974), Erv1ng (l97577 e B J
- - + N v - {!

For Example, in Flgure 1, a graph 1s presented that

’ A
K ~yeflects fhe researcher s interest, in learnlng 1f there are
‘ s ’
) . significant dlfferences in trends (in this-case slope

- differences) between, subjects who re¢e1ved a Develoomental -0t
.~ . - , .
Reading Erogram'(xl) angl students who dld not recelve the , .

' . - ¢y « . ) : .,
. -




=t Program (XZ)’ as 1t relates to the1r cumulatlve G PTA oL ‘ /
. ) Example 4: . < oo o ;' ) ’
- . .. ' . A . r
.Hypothesxs I: There are s1gn1f1cant dlfferences in slopes- Y
- S : for ¥., and X., in oredlctang the student's ¢’ :
. . T 'cumul%tlve G. P . |
. 4
Oty The models needed te test thls\hzggttes' “are as’ '
. N : Y Lo ‘ -
co followss =~ . ' . M RN * . .
s N * ) ¢ . ’ » . ) . T
' . del '~ ¥, = agji + a_X_+ +ax, +E . : -
B | Model " 1 = ag ’ a X, .a3x3 a4‘4'1 B | . -
. ) : h. » ’ e ‘ ' | ‘ o=, - ’
. - : e T, . : . - ) .
" ', NRestriction: ajy=a, .~ 7 . T w B T b
' . ' . ) .. . J\ e - . . LY .
“~ ", Model 2 -+ Y ma U +@.,X, +aX +axX, +E o
v BV 1 Q ’ l. 1 2' 2 5 5( ‘ ‘ )
* e ! “ ‘ ;\_ , . - .
2 o - . , N . , 7 Y e R
% . Yl = cumul‘étive G.P.A. _ L - : / )
3. X2 = 18if student had program, O .otherwise
L3 ": k4
‘\ ’ Y \ “ Nl ”‘ -
ot o ¥, = 1 student did not have prﬁ!ﬁ?m 0 other-
* - ' waSe .
. > - ° N B R "
ﬁL‘ ' . Xy = nﬁﬁber of the quarter hours for, the. o
T ‘ Jebts who had the program, O otherw; ’
" 0T ' X4 = number of the guarter hours for the. sub-
SR Jects who dld not have the program,
e 0 otherw1se , ) - .
‘ - Lo X = Xé + X = number of gquarter hours for all
‘L ' S ;‘? o 4 subjegts. : . o
. X EE Y - * U = unit vector, 1 if subject us idn the sampie,*
S % B . . O otherwise . ' , .
. ‘ ,/_._\l ., . A . ’, : . " . , f . *
ag, - .%. ag- = partial regression weight .

. " etror Y - ¥ 7 - L ' ,
PR : ) P L. ! e ‘\

LY s

E =

ta




FIGURE

TREATMENTS AND CUMMULATIVE G.P‘.A. FOR--STUDENTS

AR

DEVELOPMENTAL .
READING -PROGRAM

CONTROL

S S T EM

40 60- 80 - 100120 140. 160
'QUARTE! HpU'RS

y

Y
If Model 1l is found to be 51gn1f1cantly dlfferent erm

14
Model 2, that is, -the F-value ts significant, this would

-

1nd1cate that there is a 51gn1f1cant difference between

LN

students ‘who took ‘the program and students wgz did not take.

rogram in terms of their cumulative G.P.A.

w}.-. . ‘ ,
’%ﬁ%Regre551on w1ii also allow many othdt‘questlons to be

-

asked when deallng with trend analy31s. Second :degree or

- .

thlrd degree relatlonshlps (curvilinear relatlonshlps)

—-—

could be investigated. - Regression models could be ‘written

that would reflect such trends.




The applied statistician and researcher is

I3

.plagued w1th the problem of dlsproportlonal cell sizes in®

6.

-

o

factorlal experlmental designs. This may occur because of

mortality in the laboratory animals being usedh}n thb ,

a

.exoerlment the;requlred number of subjects ‘not avallable,

-

.
I3

[l

someone who had agreed to take part in the experlment falls
to show up; or‘&he .data may represent the proportlonallty

that exists in the “real world. ' (Q<yman, Orayecz 1977)

£ k] \

When the researchers feel d1sproportlona11ty is severe -

%

enough~to be of concern, there 4re a var1ety of procedures

2

—
that he can utlllze to attempt to correct for the- potentaal

—

problems However, befor&® any orrcctlons are appl.led

-

ope should be ‘sensitive to the underlylng assupption that

they are_ maklng about the populatlon from which their data -

is dr@wn, and the investigator must also be very clear

~ about the research quest1Qn he is, 1ntenésted in ask1ng

-

The follow1ng is a check list adopted from Newman and

Oravecz (1977), of the type of information that a reseanch-

Id

er should investigate before selectlng a thethod for correct-
ing for dispreportionality:
- M o

a. know something about thé theoretical and/or

émpirical relationship between the variables being studied;

»

b.

“

know some of the descrlotlve data about the

!

A

\

populatlon one w1shes to generalize to in relation to the
LR : ,

specific Varlables being studied;
) "ci know the specific research question under investi-
gation if one degides an adjustment for disproportionality

¢ v .
. ' oo T 4

e




is needed, then\ e .

r .

.=

d.‘ know the underlylng assumptions ahd‘nmpllcatlons .

for dlffer‘ent a&j_ustmenﬂ:‘procedures, and’
e know the~;onsequences for using the Selected -,
'adjustmant procedure on the 1nterpretatlon and generallza-.

*

tion of the data.

’

\' A detal}ed,dleo;ggion'of the undérl ing aeédhptions

14

can be'found in the articlenby Newﬁan<and.0ravecz (1977) .

. ’ There 3dre a varlety of solut\ons to the uneg al“N's
'\Q\"f . .

problem, which can be d1v1ded into" two major cat gories-r
~. :

i . ! . A ~ .
x

approximate and exact., .

Examplﬁe\of approx1mate solutidns are: -randomly“
: A

ellmlnat;ng data And runn1ng>the analv51s on just group «
means, therefore, decre&s;ng the number and power. A

researcher us:.n any of thege solutlons is generally aware

' ’

of the llmltatlons dhd problems ; v ,
What' may be more mlsleading are the exact solutlons
;hlch are all technltally correct but Whlch, like the méan,
medrfn, and éode{lare aheyerlng dlfferent questlons. tThe
three exact sodutions,which are listed below, are the* -

full rank nEEhod,'fiEEing constants method, and the .
hierarchial q;thod (Newman\h Newman, 1975):| ) /’ﬁ
Example 5: - T O PN

La. ‘golution { - Full' Rank Solution

’

A symbolld example of thls procedure is presented

below for a two factorlal de51gn

"
’




.

PR
r

Moéel 1 Yrab
qodel 2 Ykab."
Model 3 Ykab = §i+ l?an + meab+.€kab . ‘ o
. -~ ; < ' ) ’ . -
‘ )»‘ . » .i e
A Eh
!

9
H
’_l-
Sk
rr
o d
o

and col

is the'

"

b’ . e o bn

‘s

Co
sgoée for subject k ‘in row a
b |

grand X \, :

-

éffect for row "a"

) L
effecg fgr column-"b"

and

interaction effect for .the row "a".

umn "b" A

é‘rirxér: term for faCh subject

~

Adjustment for @}ution 1

N

Model 2

*

Adjustment for B mai

3

., \

vModei 3 ] ’

.Adjustmeht for A*B effects. test Model 1 againqp.

) Adjustment for A main effects test Model 1 egainst

3

are partial regression coefficients

’

.

n effects test Model 1 against

[

A

{

Model 4

’




.“ = B., Solution 2 - Fitting Constants:Methed

*

The following~is a symbolic-répréééntation of this

4 . . . . . ¢ . ‘ L B
i ¢ solution: <L ‘. L
q , . (
Adjustment for Solution 2. R ’
| ; - ‘ .
' = § + +b,.B, + : .
Model 4 Mgy = 8 F Py * Ry By v ey v B
l \ : v . et e\‘ ’
d /I c‘ s o L f
‘ - .,‘l “ [} .,. ."g?' \“; -~ e ' .‘
8- - , l .Y P .f _'_= 6 + 3+ - - - . :
B Model 6 kab » , §l3aa €kab , , -
// b Ly i Sl . .
R Adjustment for .A main effects test Model 4 'against . .
s »~ VN n.i ) i ' ‘ ) ~ v
N ~,‘}Mode15 R . S e,
. v Al % IS v .- ":‘ , . ] . .. .
Lo r “: Adjustment - for B main effects test Models 4 against
g . [P v B . by R . ~ .
.Y + ' '« Model 6, ' K . C~ “
.' N \.S‘. - A - '.:-! . 4 -’
' ;}’- - Adjustnelit fof AB interaction erfcts-test Model 4
agafnst Model 1 ,‘ ‘ . ]
-.' . ~ . . .
' [ '\\ y ‘;'-.- g ﬂ . . . ™~ . . N
. . -* £ §olution - Hierarghial Method (Cohen (I1968),
\ ' ,'; ) - . " . .o
Milliams (1974)\ . Y oy :
‘ L 'The following is a symbolic representatioh of this
' J .4‘ & ’ ’ o N
- lsolqé&onr coo- ] N
-+ "¢ | Mdjustmerft for Solution 3 pe _
o ] A7
/.
- "
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’ .

»

o2

.

Adjustmeht for A main e’fects test'Model 7 against

t

Model 8 . R

'ﬁ Adjdstment for B. maln effects test Modél 9 agalnst
Model 7 : '1 - . S N

(3 } .
Al

= : ;

Ad;ustment for AB 1nteraction test. Model I against
. . . .
Model 9, o o ).

“ [

. ‘e . . A -
e e » - A
v . ‘] . ", . Fad R L A
N R

y N » '

' .

" Bach of the three least square so;utlons make dlffer- A

%

,ent assuﬁptlons about the meanlngfulness and usefulness"

. were random. If one 1s‘unable { Yol make th;s assumptlon‘ -
'then it wo%}d be 1nappropr1ate to use Solutlon 1, (which ’
may be the aase mosg'frequently) ;\ -~ , .“.‘ h :

"; ‘Solution 2 assumes that there 1swno correlatlon‘ ,f r\?u

L}
ws

~

\

' . [
of’the cprrelatlons between ‘the' A ma1n effect, B main

effect, and’ AB 1nteractlon.-z" . '-'\ C N\ .
T N .

v § Fe

Solutlon 1, 'for examgle when testlng thexA ‘main
S
effect, assumea the correlatlon between A and B and the AB

Lnteractlon"s of an acc1dental=nature, and therefore

should not be onbidered (Rock, .et, al., 1976) This ., w

solutlon is most- llkelj to be prefered when bne can assuAe ;

»

-
'-

th t'the m1551ng subjects produclng dlsprOportlonallty

3
Hktween the A and B\ﬂgln effects 1n the Dopulatlon. There-

. (

fore, the correlatgon betWeen A and in the sample is: '

. T © sy !

'a function of disproportionality anq not representative of

\the population:',gpiution,Z,Ehen attémbts~to adjust for

\o
this correlatlon) ) ' i
_However, ‘Solution Z assumes that the correVatlons
\ >
A -~ . -

T




y

-5

~ the A and B main effects due t0'd1sprsportlona11ty are

'*a priori brdering are: A mainreffects, B mainveffectsf

v AB';nteractiOn; respectively (Newman and Oravec%, 1937).

between thi main effects and bhe‘iqteractionk which.re~’
L . v - *

sults from .the disproportionality, aré ndt,spuribus and

»

‘are characteristic of the population. Therefore, it does

not attempt to adjust for th;s correlatlon ‘ ~

.
“ < )

If one cannot assume that the correlatlons between'

»
L4

dye to chance, ‘then Solutlon 2 would be' an 1nappropr1aﬁe .

.

correction. * . . L. - ...:'c.

‘Solutioh 3'requires£an,a priori ordering of the’
4 ‘ : ! [
C . - ‘ ] o7 -
.importance of .each variable: Let us assume thattthe
’ . i s - - S 1

v

I N N . ., o . . 2
It is mebrtant to dEtErmlne whlch'of these methods:
- ' s
are reflectlng the questlon that we are 1ntereSted ln v

¥

answering. °'One can only do th1s by belng sensltlve to

one's research questlon and by being. aware of the djiffer-~

ent statlstlcal technlques wh;é§>are more approprlate .

.
s . -«

“than others. S ot e . R

~ Lo . o

s+ HMethods That Can Be Utilized . -
J oo Té Deal Wlth The Concerns: Of - (/,

Correlatlon, Upward Bias Ré‘Ealues, And Multlcollinearity

There are three concerns which‘have been gxpressed

.
s

. . 4
by the critics of multiple linear regression that have

drawn a great deal of attention. One concern expressedf?y
” 13
some critic¢s is that causallty cannot be 1nferred from~

studies that use-regression prooedures. Another concern

that h een expressed by some researcher is the

j .



. - tendency for multiple correlations to.be upward bias. > . -
. e . . - r
The third major concern, called multicollinearity, ™ -
. * - - o

problems produeed by the non-oréhogonality of the inde- =~ “ .

i;‘ J‘pendent variables. ‘[Note: One of the prdblems with
. e . ; ) .
= . » . 7

.disproportionality, a concept discussed in the ‘preceding
) section of this paper," is that disproportionality~produces

R ) correlation between its variables, i. e. ,fnulticollinearity ]
. - ’ “ 0 -

e It is the purpose of this section of- the paper to'~
- B} present a discuss10n of poss1ble methods that a researcher

“could ‘use in order to deal with these probiems. | .

: »,
B < -1, One of the concerns that has been expressed by

-

|
1!he oritics of multiple linear regreSSion is that one s

-

'-canhot infer cauSation if regressron or correlation is’ ;
;o .
‘. used. This concern which hasbeen expressed both f{rmally and in-

»
* e N

. formally, can be found ina recent article entitled "Regress10n o

. (— i Analyses and .Education Production Functiong: Can They Ee'

.f . 'J

" . ,iTrusted?" The authors Lyecke apd McGinn (1975) conglude //A{

, that a researcher cannot aopropriately infely causation

. ' »
N N &

{rom regress10n techniques:

. ]
’

A e The statement by Lyeﬂie and McGinn (1975) is correct

-

.

~

Howe‘!}, causation Cannot be inferted from an tatistical R

: tool unless an appropriate research deSign is utilized.

If causation is to’be inferredq regress10n as a statistical : i
h I
,-f/ . tool, as is the case for any qther statistical tool must ., |

be used in relationship with some research desigh that

. can be fouﬁd,:&ﬁiexample, in Stanley and Campbell (l969). ) T

A




]

¥

To the éxtent‘that'rthis design has internal »
N . . ‘

validity, the—researcheﬁ can’ infer causal relationships

.

Y

between the independent variables‘and dependent variables.

K ) o ] )
researchers, no matter what technique 1s used

If a research design is ek post’ facto, where the

independent variable is not under the control of the

/

1nfer causatlon. It is not, technlcaf‘? legltlmate to

1nfer causatlon when the’ de51gn is ex post facto. Eveﬁ

though a varlety of statisticgal technlques such as path

analy51s as developed by Blalock (1962, 1964, 1970, and

1972) and more recently component. analysis developed by

s
Mood (1971), have attempted to get at causal relatlon-

’

one cannot

ships oﬁ ex post facto data, through the marripulation of

regre551on technlques, One stlll cannot technlcally 1nfer

_caﬂsatlon (Newman & Newman, *1975). Newman and Newman

stated the follow1ng with regard tq’causation and

R

+ly believe that the unique v

J

* component analysis: e~

)
-
. .

Since one of the major purposes for calcu-
lat1ng component analysis is to.attempt to .
improve the explanation of-ex post facto '

research designs, this can le one to mistaken-
nce accounted °

for by ap inlependent variabl ith a criterion

.is of a causal' nature (p. 45). :

In a siﬂil;; fashion, Lee Wolfle (1977), states the.

inabildty

a researcher who is using path analysis on

s

ex post' facto data to infer causality as follows:

{

=

} ~ A . \

% Although path analysis is a method for con-
sidering cause, neither it, nor any other meth--
od, can be used for inferring causality from
non-experimental data (p. 39) -

-

20

I
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s -
=* .It is, therefdre, not the use of multlple Ilnear .

/

regsessron that. precludes the researcher from 1nfer1n

\
causal relatlonshlps between the- varlables. It is tHe !

) .

lack of a true’—Rperlmental des1gn that prevents the

ﬂL researcher from making such 1nferences. J;ausatlon can

only be 1nferred 1f a true experlmental de51gn was
'. 1

' utlllzed, 1rregardles of the statrstlcal tools that were’

. P
-~ . \ ~ .

used t® analyse the data. . ) - )
2. Many researchers mistake/nly-i'rlieve it is

meaningful to include in theig reports only that a g'
manipulation oflan independent variahle was shown to have

v

a signfficant'effect upon a dependent Variable. The

magnltude of th1s effect is not glven to the reader. .

-

The magnltude-of this’ effect, which could be presented
by citing the R2vor n2 values, must be taken ‘into con-
51deratrcn when a researcher is 1nterpret1ng the oractrcal‘
:Slgnlflcance of experlment results (Byrne, 1974,
Cohen, 1969,‘£redman,‘l972).
Most researchers are aﬁare that alﬁivalue‘tends’to be

‘higher in the sample than in the population from which the

X

sample was drawﬁ. This shrinkage is due to the fact

‘that the regress1on welghts are calculated to max1mlze<\ ’

‘the predlctlon of ‘the" crlterlon.:‘The sampllng‘error is

-

-capltallzed on ipen\calculating the regression weights,

so that the predictive power for 'any ‘one sample is

maximized. It should be noted, however, -that in an
article by Dalton (1977) it was suggested that this

. '.

S




1'#'

'formulas Lare:

;' .. . e .o 22

:

overestimation of RZ may not be too great in many cases

and is really\a good estimate of the population value.

-

Dalton (1977) used Monte«éar&o methods to compare

-l

“ﬁ, R2 (R2 after a shrlnkage formula has been applled), and

2.
R®.  The bias in R2 was conslstently pos1t1ve and it

decreased as the s$hple size increased.. However,-Dalton
cdncluded frdm his study that even though' R? and %ztwere

T .
. y : ,
superior to K% when m < 30,fR2 showed little bias in large

\

samples. ° Therefore, thls'studyxmay suggest that the

2

upward bias tendency for R values is not as promlnent a oo

’ s
.

“problem as once thought. However, there was one shortf

‘comming of‘Daltion's (1977) study.and that is he only ex-.

amlned at the three variable s1tuatlon. This gqaatly

llmltS the pos51ble generallzabllty of the study. '\

-

There ar2 four possible methods which can be wsed |,

Y ~ - - N \I
to obtain a corrected RZ2 (Rz). These methods are

R N * 7 N

entitled the -Wherry Method, McNamara Method, Lord Method,

" .and Cross-Validation Method. Uhl and Eisenberg (1970) ) -

empirically investigated the accuracy of three of these
methods; Wherry's original formu%la (1931), McNemar's y

modlflcatlon (1962), and'Lord's (1950) formula. These
..

F

R? =1 - (1 - R?) g:é _(Wherry),

\ .

R = 1 - (1 - 2)_%EK_I— (McNemar) )
R = 1-= (I - R2) N+K+1 (ford) -

N-K-l . ~

R YL - -

3
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. S
. . ) '
‘ - . . /’

A . ‘ !
s where: R = the corrected estimgte of the myltiple -
N : " correlation N
R = the actual calculated multipke cérrelation
. «
r - K = the number of independent variables *
\ . : . : S
. . N3 the number of irdependent observations.
~Bt and Eisenberg found that even though Wherry s and "g“/

?\
]

o McNemar s &ormula? are the most commonly used Lord's .

7

formula con51stently gave more accurate estimates for .
the five drfferent N’ size’s they 1nvestlgated (N = 50, 100,

150, 250, "325) and for the 51tuatlons using two throuéh\«t

thirteen péedlctor variables. i

A study conducted by Klein and Newman (1974) indi-

)
'l cated that when there aﬁe 100 subjects for each ,
‘varlable all three formull produce the same estlmates.l

When the_ratio 1s less than that, Lord's formula is con-:
o a . v . . '

sistently more conservative, that is, it shrinks more.

As the variables increase, there seems to be a tendency
for McNemar and Wherr tq‘produce more similar results.
' e ‘ S
1In a discussion between Keith McNeil and Isadore
Newman, the topic of the ratio between variables and sub-
jects was reviewed., McNeil stated that this ratio may not
be equivalent for continuous variables and dichotomous
variables.’ McNell suggested that in order to establis
. = @& 1l0:1 ratio for a continuous variable, one may have t
have ten subjécts per "grouping' of the variable, that is,
\ if ‘the values of a continuous variable distribute them-
" selves into approx1mate1y three-distinct ‘groups, tén sub-
jects are ngeded for each group in order to retain a 10:1
ratio. ‘This is probably a conservative estimate, but ‘there
is no data to empirically support the claim of equivalent,,
A ) ratio for, continuous and dichotomous variables.

P I

'
v

( J '
s >
4
. [




b

procedﬁres as estlzptes of shrlnkage 1nstead oégssjng the . .
PE

Kleln and Newman further statei_that gt 1s\conceotu—

Ve Y

ally meanlngless to 1nterpret negat1Ve R2, and since the .

lowést poss1ble R2 one can legitlmately obtaln is 0, it
e

seems ‘that these formull need a correction factor added _‘r i
A0 that they are bounded on the low énd by. R2 0.0 and -
on the high end by R2 = 1.0. It. is therefore suégested

tHat if one uses any of these three shrinkage estimates

that any negatlve R2 be 1nterprete@ as if it were R2 = 0.

Kefly, et al. (1969), suggest cross validation

-

more mathematlcal proaches used by Wherry, McNemaY, and

.Lord. The cross—yalidation procedure estimates the v T

Py

shrinhage bv applying'the werghting coefficiehts“from the-
griginal sqmgle to a new samp;e of subjects from th% same
populatioh. ’ |

For example, assume the weights for %édel 1 ih
Example 3 #re as felléws:A g ' . , .

Example 6:)

+ 5.00x2;+ .05 x3 + E

Model 1 ~ Y 19U +’6.85 Xl

A ﬁew sample sHalild be taken from the same populatioﬁ :

v

and the variable X6 (the predicted criterion) should be

generateds for this sample by using the weights obtained

from the first sample. The transformation, needed would be

Mw
as follows: J . ‘ .

v
9

= 5 * .00 * + . * +
Xe = 6.85 X, * 5.00 X, 05 X3 lq



LY e - . A
» . -~ 4 s -
[

- .If the c9rrelation between XG (the predlcted criterion)

Y

. . and Yl (the observed cr;terlon) was agkhlgh as the R-value

+  for Model 10 the researcher could cons1der the ﬁQ-value

A

for Model l to be stable. . . B s ‘

.

Sdme of the dlffeq.pces 1n’the shrinkage estlmates, . g L

o T -us1ng the - dlfferent procedugis amy be explalnable. For
- - example, Wherry‘s and McNemar s. formulas bath attempt to

estlmate the population R, based on the, sample, while ‘

~yLord's formula attempts to estlmate the R from the sample = ‘
,..'v, &
to antoher sample. - This is conceptually sémllar to the
Cross Validation procedure sugqested by Xelly. 1In dec1d1ng

. ¢ which method of estimating shrinkaje is to be used, it-is
. . - .

w

important to considexr the underlylng.assumptions=of each
- ¢
'procedure (Klein_and Newman, 1973). ‘That is: cross

:alidatioﬁ will ®end-to be,more conservative estfmatiob. K
- Thus, it w;ll tend to“proddceclarger shrinkage ln R2. If i
one is;interested in\making oredictid%s based on one sample
toeaﬁo ther éample, créss valldatrpn and Lord's approach, ‘ ~)
- _ ;end to ‘be the better estimates. However, if one wants -
v ~to estlgate Dopulatzon .values from a sample, Wherry s and \\

' .aporoaches would be preferable, ' o o

. ﬁ“cNemar
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N ih % . 5 . “»
- the regression equatior., €common variance (Cv),may be

T : g . : ; 26
. . i ' ‘

3. The third major concern, which.has drawn a great
\

deal of attention, is multicollinearity, that is,‘a situa- -

tion in Whéch the bredict@r variables are nonorthogonal.

One ‘of the problems that-multicollinearity can cause is

large standard errors in the sampling distributions ‘of the

standardized regression coefficients. These large standard
' &
errors allow small chaﬁges in the relationships between
.- . . -
independent variables from sample to sample to produce

. large regression weight differences even though their

signs tend to be stable. Therefore, ?”hferprethg rEgres— .

51on welghts can be highly misleading due to thls’;lgh
varlabll;ty (McNeil, et al., l975). Apother problem
cgu;éd by-multicol;inearity is that a researcher is more
likely to éommittee a pre II erroyY. (Vasen & ﬁlmorea
1975). %’ '

Thé;e,are‘a number of ways to deal with the problem’

" of multicollinearity. ﬁg;e such methods are: "

- 4
+

a. ‘component regression :
b. factor regression : . ) w
: c{ ridge regression .. S
a "benignr neglect (/ : '
e a system of equations. .

-

i .
$% III{ A. One method suggested in.the literature for - ‘o
- . . :
dealing with multicollinearity is component analysis .
: . , ’ . - s ‘ [ Ty
(Newman and Newman, '1975; Massy, 1965). Cemponent andlysis

is a procedure which divides variance inte ,two proportions;

b Ce L7 .
Unique variance(Uq) is the proportion of variance

-

- attributed to a partiéuiar éar;able-when entered last into .

” . 1] . -

) \' ' o, 0 ' ' 4
Y A R . . .



congeptiially thought of as the’ egree of overlab of

correlated variables in the~Prediction bﬁythe'criterion.
]

. ‘ 3 - A i - L3
‘ Any given common variance must be independent of unique

~ and other common variance. . .

, : The calculatlon of unlque varidnce for three predlcter -
variables could be handled’as follows: ,-
. ~ Example 7: -
Let "’ . ' Cor T
Yl =, grade pointcaverage

L]
R 7 .
<!

X; = SAT score

>
"

2 I.Q. score
5 ) ’

X5 = high school class work )
. f;;
A The number of independént components 'can be calculated®’
. .
by the eqlation: ‘ . -’
2N -1 ‘
. . [}
o . . ) - 7 - N
where: N = the number of predictor variables”
Thps[ for this examplg, the-number of independent
: M L ]
' comporlents would-be equal to; .
‘ 23 _l =7 ] . R ) ‘ -
}¢) . . _The number of sets Qf unlque variance is. equal to the
’ number of predlctlve varlables For this example, there- .
, would be three sets of uhicue variance [Uq (1), Uam(Z),
Ugq (3)]e The number of secénd thlrd etc., order varlance
- & . - < .
can be &étermlned‘byjthe follow;ng formula:
.Y . ‘.a-
~ T, i‘IC = - NI ' U C e )
' n o pi(N-n) ! ~. 7 R
. L . ’ .
. . » : [ 4
i, ) ! - ) ‘ " e
@ » . -




.

where: .N = number

. ‘*'-n = number

. NC,. =" number
' "+ taking

%]
v
. '
~2 : *

of predictor variables

'OF variables taken at a time

of gombinations of N objects,- g
n number at a time, zndependent

o : e of order. }
. . . I ' . - ‘ \ .
L i X .

. . In this example, thgfnumber of second and third’ "

-~ otder commonalit;es are'equal'ﬂ:thgfoiiowihg: . S .
S A M | S _ 31 ,
, . NCn,-.2! (3<=2)1 = 3 NC, = ET_?E:ET? =1 N
/ c

' -
The thffée sets of secdond order commonality are

v(1,2,),
allty .variance is Cv(1,2,3)- . v

>

CY(1,3)r Cv(2,3, ), and the third order comn‘gk o

These Ctomponents are addltlve and when summed

L J P .
will equal the total proportion of variance accounted for

[

by the RE% of the ¥full model. Méod (1969.) developed a ) y
'rule for determining the R2 necessary for caluclatlnq'

unlque and common components of varlance. The rule is-

to develop products of the varidbles beigg considered.

o For exaﬂple, if one is 1nterested in the Uq(Xl) in .
thls example ‘'with three predlctor variables (X ' X2
of 1A§eres; (Xl) from one,

x\3)"
J 'flrst subtract that’varlable

multlplled;py'a::l,‘and multlple other varidbles in the

l.
i equation, . ' .
» - 0 ”' . ) .
" \7 . mle: -l(l-'xl) XZ, x3 = ’ . ’
’ L & TX2x3 +' xlx2X3 o I ) .

w

Next, take the variables that are a prodﬁct of the

"expan51on and calculate -the R2 that 1s indicated by each

[
{ .
R |

® S 1 ) R LN .

\.:
.




- set Y(separated by + and - eigﬁs)p o ) - N

s

= -r%.-23 + R? -123 : L

vq (xl) y- Y .o«

rs »

In a similar manner, ane of the second order and the
; ' ..

third order commonality variances ‘would be calculated as ‘

, v

'follows- . ]
‘ rule. -I(l-Xiﬁ (l-xz) X3 = ‘ ' . (‘
P :
oz -X, + X X, + X - XXX ' ‘
_ ':C _3 kz‘l 3+ h22 3 173 3 . & ' :
SEV@,2) = Ry y-13 ¥ Ry, 23 - Riy.123 r
L ' o
rule: -1(I-X;] (1-X,) (1-X,) = " |
. ’ -1+.X1+X2 X1X2+X3-X1X3-X2X34X1X2X3
% L
Y 4 2 N 2 2 2
; = + - -
Vi1, 2,3) y.2 "Ry 10 TR g3 % y.23 T yn123
fNote: “When a,one is By itself in the expansion, it is’ v
_— NS
B ignored in determining which Rg should be calculated.] ™ R

) For further details in*hew to calcul;te component
‘analy51s, see‘Mooéh(1969 ¥971), Ker{//;er (1973) and . '

Houston and Boldlng (1975) : ,
g tl ' - \

Wlth all techn1que§¢ one must be aware of the" V ¢ }
liMltatlonS‘SO that .the technlque can be employeqﬁmost -

e efficiently. The following are some of the limitations

oy . . .

. one'quuld ‘be sensitive to when using component analysis
. .-

* (Newman and Newmaa (1973)): : ?

L W

1. As in the example, when there are three predlctor '

variables, there will be seven componentsﬁ One can edsily.

* see the rather large number of'RZs that have to be calcur ,

-
.

3.




lateé for. just‘three predgctor.variables in tﬁe full model.,

. _ How er,.iﬁ uéiné multiple regression, the investigator s N

o tfreQuently'has‘many more than sthree predictor variablee. .
Therefore, the humber of comg;nents oan ea51&y beoome . o

1~y

v lX / [
1mpract1caL to handle._ . : - .

L N . . 3

\

¢+ 2. . An 1ptegral part of component analy51s is the

- e

' c0ncept of Uq Uqg .is operatlonally defined as::
: f ) oL
varlaﬂbe accounted for by a variable when’
) " entered last in a multiple regre551on equa=- -
v . thh! — ’
Therefore, the Ug depends upon and- is affected by the
.\ l N ) . ‘3' N ) \
variables that are already under investigatiom. Even

‘

'tﬁough the .Ug is ipdependent, in the set of variables

W i
N # . : : - . ) .‘.' .
- 3.. As the number of predictor variables increase, kp |
. 5 the number- of hlgher order commonallty components also' '
to ,e\“lncrease.t Just as it is dlfflcult to interpret hlgher _

-

for that samgle, the variable is not ihdependent.

thén,tpi order 1nteractlons in traditionatl analy51s

—r

e , of varlance, it is also difficult to 1nteroret higher than “‘

third order commonalities.

S . .

. . A ' ’

. - . ' .
; 4. .In examining some Jf the formuli for calculating . .
the comdbnelity components, one becomes sensitive to the

E | possibidlity that some of tpe components can easily account
S . ' .. . ’ : , ‘
:for a negative .proportion-of variance. When this

»
[y &
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situation is encountered it becames very difficult to ~

‘ interé{et or make conceptual sense out of the analySLS. . |
> . . |

5. Mdod (1971) stated an'lmportant limitation one - r

should conSider. The unique variance (Uq% accounted for by

3

v
- *

an independent variable Can change radically from s1tuation

LR ¥

‘to s1tuation. However, the Ug "attributed %Q a fhctor that ﬁ

<
the variable is a part of is not likely to change There-
M //' £ Le, Hspd:suggests that one should greup the variables
based on't%efunderlying concept they seem to'be Peasuging. ’ .
This'would produce a more stable estimate. Thig group
el

process will also have-agside.benefit'of x ng- the

. total number of predictor variabLes which will make'the
component analyéis much more manageable However, if one‘.
- uses the procedure suggested by Mood, the weighting of
each var1able*becomes a problem. Do the factors account
for the same iOO percent of the proportion of variance
accounted for when each variable is used separately? J If
? ©  not, one is loosing possibly” significant information. o
/ﬁ_«\-// Finaily, it is‘gifficult to decide on which variables should -
go together. Quite often, variables that»looh_as if they ‘
- are measuring the samte underlying construct, are not. ‘ >
III._B. Another method by which a researcher can deal
A : . with the problems caused by nonorthogonal predictor ' v
. ‘variables is factorlregreSSion.“ .
| Factor multipie regre5s10n is a procedure that may - "

: c1rcumvent sonfe of the problems associated with component™

-+ regression (Massy' (19§5Y, Duff, Houston and Bioom,(l97l),
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Gonnett, Houston and Shaw (1972), Newman‘£!972)) is”

a 'method th&t‘enables one to empirlcally determlne the
. factgrs w:.th whlch the A-.Lables are Pssoc:.ated;

The first step in the procedure is 'to orthogonally

.

fact3£ a set. of independent variables into a nXn factor

~-matrix. -Connett, et aL..(l972) suggests thdt this _factor

matrix may be rofated, but only with a rotation thgt

preserves the o ogonality of the factqrs.' The next
step.is'to standardize the inaependent va;}ablés. This
matrik.of standardized variables is péstmultipliéd gy the
matrix to obtain the f;épor varxables. Becagse these .

/
_fgzto; variables are orthogonal, the beta weights of these~*

~

variables, when used in a regression equation, will tend
to be stable.’ Therefore, this’procedure allows dreater

. interpretation of the beta weights to be made. “

€

l An additional advantage,of using factor scdres is

that when a matrix is factored much,of the error variance
( - ”’ :

' tends to be distributed in the factors that account' for
!

the’ least variance. 3Perefore, one of the p0351blg by—
products of using factor scores whlch account for moLt .

trace vaniance as predlctors is the‘'likelihood'of in-

-
- N

‘ creasing reliability; therefore, decreasing shrinkage

(Newman, 1972). Coe

3

If one is interested in improving the multiple

w

regression equation by uging factor techniques, there is
only one way this can be done. That is,.the number of

factors used must be less than the number of original
1)

. -
- 1
. ‘




o

H
i

' variables. This will “increase the df and also(possibly Y

" decrease shrinkage-estiﬁates. Bécause of this, Some

' researchet:\have used only the few factor§‘that account

for the "greatest” amount of the factored t;ace. Howeverf

> when this is done, one may be lo;ing information that

can dccdunt fot criterion variance by eliminating a
, . N . .

factor that accounts for very littlehziaie of the

‘factored matrix b;:\ds'highly correl¥féd with the
criterion scores. '

Using only the factors that accountlfor most of the

»

trace should be avoided when the prd&ctor varlables that

~

are belng factored are llkely to be hlghly rellable. Some
examples of such variables are: -belght, welght( rel*gion,
sex, incooe, age, etc. “Yhder these conditions, a variable
that accounts for little of the trace variance may be

a good and~hi§hly reliable predictor &f criterion

i
¢

variance.

When using factor regreseion onézshould‘be dware of

when it can be most appropriately used. It is the
-authors' opinion that tHe factor regression approach may
* be more appropriate than comporfent analysis when one is

\interested in determining e unique variahce accounted
for, especially when the number of predictor variabiee'is

- . ‘ ~.
. '

relatively large and there areé a minimud.of ten subjects
for etéryivariab}e, However, if one is interested in the
:commdnality, the fa tor fegression procedgre is not -

appropfiate. nt is@caée, if one Ras a large number .of

+
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- e .
‘variables’and subjects, it is possible to use f?ctor

analysis with oblique\rotation. fhis procedure will
condense the large number/pf variables into factors
Wthh can be used .4s a new det of predlctor varlables.
Since these factors may be obllque (correLated), one may
then wish to do component analysis whlch w1ll yleld
estimates of th:\unique and common variance attribuged'

to the factors. Obviously, the oblique solutions lack

many of the desirable characteristics which make the

" orthogonal solution eas:er to interpret. However, there

are times when @’ researcher I be interested in the - \ .
common proportlon of variance attrlbuted to factors
which are theoretically and empirically related e

ITI. C,© A method called ridge regress1on has been

. .
proposed'as d\eoss1ble means by which a res€~5cher can

obtain stable regre sron coeff1c1ents (Hoerl (1962), Hoerl
and Kehnard (1970 (a), 1970 (b)), Marguardt: and Snee }

(l975)) The ridge regressloi‘procedure requires that

a constant bk repeatedly added to the diagonal of the
~
YIX matrix (where the X variables are scaled so\that

%T1Xx has the ﬂ)rm of a correlatlorymatrlx) before the
matrix is inverted. That is; consider the standard model

- for multiple.linear regression . = <
Y = B¢ + E oo )
N / a4 ; .
X = nXp matrlx of P predlctor varlables at each
n data points
'Y = vector of obserVed values ' ' 7 (

e
»

.
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fraéé is_a plot of the coefficient weights vs. the

y 5

®

pX1l vectof of populatlon values of thg para-
meters .\ - ’

-

o,
]

t ¢ =.nxl vecter of eiperiﬁental errors (E (e) = 0)
B - 4
s »

(x/X) / c ’

.m
i

x/x = thecproéuct of transbosed X and X .

X/Y.é the profiuct of transposed X and Y

W >

= least ‘squares estimator of B8

Rldge regre551on, as descrlbed in more detall in
Hoerl (1962) and Hoerl and Kennard (1970a, 1970b) is an

estimation procedure based upon
. N . .

“

. Ak '
. B = (x/x + KI) l(x/Y) . -
I = identity matrix
=0 < ' : v
K=02£K¢<1 , :
A% - . ‘
B = ridge estimator_ of ¥ ,

- 5

[

where K)is d conststant number added to the-'identity

matrix I. e researcher can determine the appropriate -~

4

K value, i.e., the K value that stabilizes the regression
coefficients by examining the Ridge Trace. The Ridge

L)
]

K values. A hypothetical diagram of the Ridge Trace is

en in Figure 2 for the variables X1, X2’ and X3.

35



FIGURE
RIDGE TRACE

<’

Regression

* Coefficients

J ) ‘ . € -
At the K-value where the ridge traces for the variables

-

-appear to become approximately parallel

the regression coefficients become stable. 1In
A

/ Y

Figure 2 the ridge traces become approximately parallel ,
where K = .04, Thus, the researcher would use the

regression coefficients ‘that correspond to that pé&nt

'

The researcher will find that for models with low

R2 values require larger values of K than do models with

2

high R values.’ Also, increasing K indefinf‘g&y will

~

ultimately force all coefficients to zero, but 1t is not.

dﬁcomm&n to see a coeff1c1ent (usually after an 1n1t1al

XN

sign change) ‘to 1ncrease in absolute value as K 1ncreases

(Maréuardt and Snee, i§75).




£

Beforethis procédure'is used,‘however, a researcher
should be aware of the differences between the coefficients

profuced by the least squares solution and coefficients

»

- y H -—
produced by ridge .regression. The least squares solutions.

0 s o
yields coefficients that minimize the residual sum of

squares. The expected value of the coefficients-are (

unbias (E (B) = B) and have the minimum variance ‘among all

linear unbiased estimators (see Figure‘3a). N
: )

In}ridge regression, the variance of the coefficients
decreases (see Figure 3b) as the value for K increases.
A2 A -a .
Howeyer, the bias of this-estimator ingreases (E (B) B)

as the vaIﬁe of K ipcreases. What the researcher is doing -

r

» 5 . . »
with ridge regression iskacqepting a little bias in the

expected value of the cqefficient in geturn for a lower

*

mean square grror [MS% = variance of the coefficient +
/\4 - +

(bias)?]. 1In fact, the objective of ridge regression-is

to find a value of K which giVYes a set of coefficients
= ' . ’ 1/ .
with smaller MSE than the one produced by the least

squa;es solution. As the K value increases, the residual

sum of séﬁares will:increase. But remember,‘it is not the
objective of ridge regression to obtain the "be5£~£§t" for
the‘sample data but rather to’deveiop stable goefficients'

(Marquardt. and Snee, 1975). - .




,‘w

. ' FIGURE 3a
- (Marquardt and Snee, 1975) . <

VARTANCE AND B}AS IN AN ESTIMATOR ™

- s o
|

.
v’ |
. Zero Bias
%
.Large—¥Variance
RPN v
~ .
- E (B) - ‘ -
J . - ’
. - L]
b : IS I
. B
. '/'u *
' ¢
. - .‘\ »

L3N ‘
¥ Non-zero Bias g
¢ = -

Small Variance i

: ‘ ~ ’ -~ .

- fEE(B) =B
\ﬁ . ' 8 gt e
- B — . N . :

- -

The preceding discussion on the dif§jferences between
the least squares solution and ridge’ regression ‘does point
out one limitation to ﬁsihg‘riage regressioh. Because ‘the
. . ( . . ~

; espected vilues of the codfficient is’bias, hypothesis’

»

X
»

testing would be questionable. Thus, if the researcher

1s attemptlng to test hypotheses, }1dge regresslon may not
_,,:_-A—.‘.\t ) ‘ . ' ’ “‘\ ¢ . -

A . .~
.

©
ot

16
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be the correct meifhod for ‘'Him to use in' handle the problem bf

of multleélllneari.ty (unstable ca)efflcn.ents)
. &

T1I. .D'. A fourth possible method for de'aling‘ .

with the problem of mufticollinearity is not t'o()tleal

. with

i" The argument for th

st\powlon can he -

demonstrated by the follow1ng example: * . ‘

" ¢ Example 8:

P}

L ' | ‘
i " :
‘postPest, score .

Y, = .
. l . B ’ ’ ; P
X, = I.Q. scere i’ -
'-‘ i ‘ t
2 -
X)"= X X
E, , -, = error for each. subject v > 3
‘. ]:1203 ’ .o ' o , .
1 ‘ . oo - . " - d
.U '=-unit vector , o ,
. ; N “ i . '.
L4 S 5
a5 - sag = reﬁressaon"oefflcxent welghts g '
. . L .o A
Model 1 N PR ‘
4 i T agU X 3k *Eg R=L
M*Ql 2 ‘ ) ) Y
‘. AR ' - ’ ::‘ . 2 —
. ‘t‘ yl - B.OU +~alxl‘~+ E . " R2 —' 0\
Model- 3’ B, o .
.= 7 ! - = . ,‘
= Yl »aOFJ.+ aZ_Xi. ¥ E . 23: .0 ,
rooo T Lo T . " . )
’ ( .
Assume that the varlable )!l is related to va\rlable
.Yl in ghe manner indicated in Flgure 4. - )
L TURIGRRE 4, N
. . - THE RELATIONSHIP_BETWEN X; AND Y; "
B L' '- ke -
r Y‘ t
sl
. . - ?
o . ‘ ; &

Y

O
C *Note ‘ g'

- onvention dQ support the argument that forw
. ) may be eIiminating surpressor, variables. *

:ﬁle in Figure 4 wab’ given by John Poh

. ' s « &

lman at the 1977 A.E. R“Aa
i Stepwise Regression

£




' ' .
' The. R% value for Mod “l would be equalqto oné.. 'Hqow- .

ever, the R% value for Model 2 would bghqual to zerp fo/r

-r

- the relatlonshlp between X, and Y, . Also, Model 3 would

1 1

2 value equal to zero.for the relationship between™

2ave an R

»

2 : ..
Y ‘ Lo .
xl\ ahd . ] * - ! -

ode]il is attemptlng to account for the variance

"1n Y, by us:.ng varlables Xl and X% o ‘It 1s 1mportant to,

o7

note that the corxelatjoh be lwand XI is hlgh That 1s,v‘
n’.tlcolllnearlty is presen&x odel 1./ In Model 2'11&

Model 3, the multlcolllnearlty is Ellmlnated by the

. traw prrocedure of el;Lm:.natJ.ng Oone of the correlated

independent wariables.. What has 3150 been .ellmlnated how-(
.4’ . - N
ever, in both Model, 2 and Model 3~1is ‘a: surpressor varla‘b-ie"
- L 4 " 3

(Sprpressor’ ‘varlabl'es have also beer) called in 1nterven1ng

» - . -
.

Varlable or a sleepervari&ble) t.

v Kl -

.A sutpressor " variable.®s present whEn a variable' .

has_a low correlatlon kuth the srrterlon and is. Fvlghly

¢ ¢

‘correlated w1th Some o'ther Variable 1n thewp,redlct'n.ve '

-

équatlon. In. addision, wPhn this varlable is placéd’ in.
1

'ge pred1ct1ve equatlon along w1th the varla,ble w1th Wthh

1t is hlghly correlated theé R2 of th predlctlve equatlon

'W1ll increase’ 51gn1f:,cantly. s’uch a ‘s rpressor’ varlable

.

is nges’eﬂt in Model 1, When both 'Xl ahd xl' v’ariablzi whlch
.

‘are hlghly correlated ’are used together ds they are 1n
0

Model 1, the Rz-value of Model l 1ncreases elgnﬁ’lcantly

over the }! lues of Model Zind Model 3, ‘The ~p01nt‘1s

.




\

" that- the researcher does not want to eliminate a

» e . : : e ‘
surpressor variable. . - .

-
.

- - Consider: the followiﬁg ‘example:
Exampde 8: . 3

. Let.Y; =.achievement'scores

) X]: = treatment group : -
X, = con
. %2 c?‘ tro’l group .
» - N ‘ -« .
. T X3 = reaction time
.o - L
Assume that Xl is correlated 4ith Xy and X, is also
- . . ) . - . . -
‘ corr‘elated v\.u.th X3\ ) C & )
¢ ¥ . The hypothesis to be tested is\as fol;low,rt‘//Q
) 'Hi: Thére-is a-significant difference between.
. the a.ch.levement scores for the control group
. ‘ . and the experimental group over and above
r S . ~ '- the dlfferences due to reactlon tlme‘ scores.
L]

The models belows * °

, C s i
. ] the hypoﬁesis:
. ¢

: 4 .
Model 1-* . &
' ‘= + +
Yl af + ale + a2X2 3.3 3 E
= . ’
v 1] £
Nestrictions: a; = a
- ' "\ - R
’ * Model 2 oo
‘ . Y& = a.U + a3X3 + E .
". ‘\

- ) Ty
-~ M 14 “ =

) T JA] - -
- - Fi

0"' . 3 N . A »~
' - i 4 '
F 4 Iy = )
‘ , - \ G . ’ - ’
» ‘.
» .
. o ¢
¢ .




It is important to note, however, that the
,researchef must select his variables'cafefully. That is,
* ?

‘his hypothesis'should probably not include X3 if the

relationships between X3 dnd -the groups‘\(xl and Xé) are

not found in other reseér'éh in the discipline ‘or‘are'illogica‘l
If these relatlonshlps are not usually found»or'areunstable,

the results of the hypotheses testssmay vary from sample
to\ sample. .o Y - 3 \0 .
' The researcher should also be aware that he 1s more

a
llkely to commlt -a Type II error when the relatlonshlp

.-

”between X3 and the groups Ls not cons1stent across the .

L

‘contiffuum of Y. That 1s,h :iere is an anteractlon between

[

A Y

groups and thetreaetionﬂﬂi@ In fact, when there 1s an

interactiondbetween gfoups"and reaction the, one of the

conditions of covarlance has been Vigl;te? (homogenulty /

,s .m " ~

of regression) ' : here@ore, analy51s o covariancevls no

t4

w ot
{ . -

longer apprgpriq%g. ) 1-, A . * . .

III. E; Soper (1976) suggested 1n a rev1ew of a

.study on the use of prqgrammed instruction in
; , )

that,a £ of

to gcrre

variables.

o

s e

3 ‘ .
.
- + - r ]

There is a s1gn1f1cént ifference between
the control ‘group &nd &experlmental
group-1n posttest scores over  and -above

'Uthe differenee, due to scholastic ability.




v

posttest score

xi.= pretest score. = " » ) N ’
- . . X, =(SAT score (Scholastic Aptitude Test score)\ '0 .
. ;o
. . X, = experimental group g
‘ X ‘= control group '
4, , ' . ™
a,. . .a = regression coefficient weights ' -
. [

E;. . .E = the ®&ror terms (Y - Y) for the diftefent models

The traditional method of analyiing the data woulq bé .

“w

: " to test Model 1 against Model 2.

3

+

- ’

+ T L ]
'éoU a; Xy +"a2X2 sz

. .
L d L] .
. R +

L]

o ‘ . 'y .
If‘f}>:;a2¥4‘are cor?elated with X; (sAT scores) ,
N Sbﬁer“ (1976) woﬁ%d suggest thét a system of equations, oo

=
"

or %n,this case on equation, would need. to be specified.

The needed eqdation'would be as follows: - .
. N * . \ ®

" Model 3 : - _ ‘ T .
? X2 = aU + a3X3~+ a4X4 + E3 *

\ .
: ‘ ) ~ .
’ ot T ) ¢ ’

- The vadlue for Eq would represént the amount of

»

variation in SAT scores that#re unrelated to group . ' N .o
-~ £ - . - y

- membership.




A ]
»

NeXt,,33 wou&d be used as an 1ndependent varlables in
' ' L
. Model 4; and Model 4 would be tested*agalnst Model 5.

= ‘
‘ -
,

Model 4 and Model 5 are as follows~

N

Model 4 | - - \
\\Yl = aoU +»ele + a3X3 + a4X4 + a5E3 + E

td

-

Restriction: a

mﬁels . ~ . .
. Yl = aoU T ale + a5E3 + Es .

, o : . -
However, the researcher has n;t\tg;ted hlS orlglnal
question of interest {Type VI- error) which was: 1Is ‘there"

a si&nifiéant differente between the control group and the
experimental Qroup on pos%teet sgores,o;er end apore the(

différences due to scholastic ability? What he hag, in

.

fact,“tested is the hypothesis: There is a significant - )
: : : o -
difference between the control group and the experimental -

group on posttest scores over and above the dlfferences in

N
'Q and SAT scores unrelated to group-membership. This. is

. ’ ‘

adlfferent questlon!. _ ‘,/'

»

+

Also, one must ,be aware that cdrrecting numeroue
variables, for multicollinearity .tends to make the_interbre7
tation -of Eheyresults very difficult. ' The researcher may

%ot be able to practlcally explain. what a significant

r' v
e

F-value 1nd¢cates.

For exafiple, ‘assume two varlables, I,Q. and sex,

it

\were correlated‘and thecresearcher set up a system ‘of

equatlons which included the following equation:,'




N

.

The question is, How do we ‘interpret Eﬁ?

X

(Newman,

45

+
o 3 sex E5

It is whatever

-

I.0.'is after sex has been removed from it..Afs it still

1.Q:? Most prohably not.” ' s

N /. ) . 4
In conél*igon, the authors hope that this presentation

which dealt with some of the currently /identified

' p;eblems
1n conductlng research, spec1ff1cally when using regress1on,
has sensitized the applled researcher to these: Droblems .
and alternatlve solutlons.

¢

paper can do justlce to all the tOplCS covered.

The authors feel that no one
However, we
feel that this paper can be used as a guide to where one .
may go for moré detailed information:

N ¢ . ’ N
It should be kept in mind that the authors felt the

regression approach is probably the most flexible and useful

single tool available to the researcher. However, like any
-

other tool,
”» N
sensitivity

it is only as good as the insights an

of the user.
}

of asking a research question and testing it with a statis-

tical model that is incapable of, reflecting that question

et al.,.1967). " byl

® 4

Do notbcommit the classical error .

*

th
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